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Abstract 17 
Seagrass ecosystems are highly sensitive to environmental change. They are also in global decline and 18 
under threat from a variety of anthropogenic factors. There is now an urgency to establish robust monitoring 19 
methodologies so that changes in seagrass abundance and distribution in these sensitive coastal 20 
environments can be understood. Typical monitoring approaches have included remote sensing from 21 
satellites and airborne platforms, ground based ecological surveys and snorkel/scuba surveys. These 22 
techniques can suffer from temporal and spatial inconsistency, or are very localised making it hard to assess 23 
seagrass meadows in a structured manner. Here we present a novel technique using a lightweight (sub 7 kg) 24 
drone and consumer grade cameras to produce very high spatial resolution (~4 mm pixel-1) mosaics of two 25 
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intertidal sites in Wales, UK. We present a full data collection methodology followed by a selection of 26 
classification techniques to produce coverage estimates at each site. We trialled three classification 27 
approaches of varying complexity to investigate and illustrate the differing performance and capabilities of 28 
each. Our results show that unsupervised classifications perform better than object-based methods in 29 
classifying seagrass cover. We also found that the more sparsely vegetated of the two meadows studied was 30 
more accurately classified - it had lower root mean squared deviation (RMSD) between observed and 31 
classified coverage (9 to 9.5 %) compared to a more densely vegetated meadow (RMSD 16 to 22 %). 32 
Furthermore, we examine the potential to detect other biotic features, finding that lugworm mounds can be 33 
detected visually at coarser resolutions such as 43 mm pixel-1, whereas smaller features such as cockle 34 
shells within seagrass require finer grained data (< 17 mm pixel-1). 35 
Highlights 36 
• Drone based optical data collection of seagrass meadows is demonstrated. 37 
• Ecological quadrat data was used to validate aerial data. 38 
• Unsupervised k-means and semi-automatic object-based classification approaches were applied to 39 
the optical imaging data to map seagrass extent. 40 
• The more sparsely vegetated meadow had lower RMSD than a dense meadow.   41 
• Addition of texture did not greatly improve RMSD, and actually increased it in some classifications.  42 
Keywords 43 
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1. Introduction 45 
Seagrass ecosystems have a global distribution, and they play an integral role in delivering multiple 46 
ecosystem services to coastal regions (Barbier et al., 2011; Orth et al., 2006), including the provision of 47 
nursery ground for commercial fish species (Beaumont et al., 2008; Bertelli and Unsworth, 2014), sediment 48 
stabilization (McGlathery et al., 2012), pathogen reduction in coastal waters (Lamb et al., 2017) and carbon 49 
sequestration (Fourqurean et al., 2012; Macreadie et al., 2014). Despite their evident ecological importance, 50 
seagrass ecosystems have been in decline for three decades (Waycott et al., 2009), with one in five seagrass-51 
habitat associated species at some risk of extinction according to International Union for the Conservation of 52 
Nature (IUCN) categorisation (Short et al., 2011). With threats such as human disturbance (e.g. mechanical 53 
damage and release of toxic compounds (Short and Wyllie-Echeverria, 1996)), changes in water quality 54 
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(Duarte, 2002) and warming of seas (Marbà and Duarte, 2010) likely causing such declines, there is a clear 55 
need to develop methods to monitor the extent and health of seagrass meadows.  56 
Monitoring efforts to date have been conducted using a range of in situ approaches, including 57 
scuba/snorkelling surveys (Gotceitas et al., 1997), ground-based sampling (Moore et al., 2000), and 58 
hovercraft-based mapping (Mckenzie, 2003). Active and passive remote sensing approaches are also used 59 
frequently to estimate the coverage and quality of seagrass habitats. Using active acoustic remote sensing 60 
methods such as side scan sonar, it has been shown to be possible to quantify the coverage of seagrass 61 
meadows (Barrell et al., 2015; Hossain et al., 2014), whilst passive spectral sensors on-board platforms such 62 
as satellites or light aircraft have proven useful for quantifying seagrass meadow dynamics (e.g. Baumstark 63 
et al., 2016 and Cunha et al., 2005). For example, using freely available multi-spectral Landsat data (with a 64 
spatial resolution of ~30 m per pixel), changes in seagrass meadow extent have been charted (Knudby et 65 
al., 2010), and so have fluctuations in biomass (Misbari and Hashim, 2016). Finer spatial resolution optical 66 
and infra-red satellite data from systems such as IKONOS and Quickbird (with a spatial resolution finer than 67 
4 m) have also generated useful biomass estimates for multiple seagrass species (Lyons et al., 2015; 68 
Roelfsema et al., 2014). Beyond the commonly used four-band spectral approach (blue, green, red, infra-69 
red), multi-spectral data with 16 spectral bands have been captured from airborne sensors and used to 70 
estimate seagrass coverage, biomass and species composition (Phinn et al., 2008). The limit of many such 71 
remote sensing techniques is the spatial resolution, which restricts the focus of studies to identification and 72 
mapping of seagrass areal extent only: even in fine spatial resolution satellite data, individual seagrass plants 73 
or shoots cannot be resolved. Additionally, the ability to detect features such as seagrass from satellite 74 
observations is frequently affected by cloud cover and variable tide states (Stekoll et al., 2006), limiting the 75 
utility and applicability of such data for time-series investigations. Furthermore, the inability of satellite 76 
measurements to capture the fine spatial patterns in the distribution of plants and biomass within seagrass 77 
meadows, particularly in sparsely vegetated areas (Valle et al., 2015), means that current scientific 78 
understanding of seasonal growth patterns and the causes of meadow decline is highly uncertain.   79 
The recent rapid growth in deployment of lightweight low-cost drone technology has been mooted as a 80 
revolutionary addition to the toolkit of ecological and environmental researchers (Anderson and Gaston, 81 
2013). Drones offer a low-flying platform from which fine-grained (sub-decimetre spatial resolution) remote 82 
sensing observations can be captured, and such approaches are already being used widely in fields such as 83 
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hydrology (DeBell et al., 2015), forestry science (Inoue et al., 2014), polar studies (Ryan et al., 2015) and 84 
wildlife monitoring (Chabot et al., 2015; Hodgson et al., 2013). The flexibility of the lightweight drone platform, 85 
both in deployment capabilities and customization (i.e. payload options) has led to their utilisation in coastal 86 
environments including studies monitoring beach and dune topography (Gonçalves and Henriques, 2015), 87 
classifying habitats used as nurseries for fish (including seagrass) (Ventura et al., 2016) and mapping coral 88 
reefs (Chirayath and Earle, 2016). Additionally, the self-service nature of data collection and the ability to 89 
replicate data collection with the aid of GPS navigation, make drones very useful tools for monitoring dynamic 90 
environments such as the intertidal zone. In environments such as this, other remote sensing technologies, 91 
such as low spatial resolution satellite sensors, find retrievals challenging. Reasons for this may include a 92 
large temporal gap between image acquisitions, fixed orbit patterns causing data capture at different tidal 93 
states and therefore differing effects from the water column, presence of sun glint (Kay et al., 2009), mixed 94 
pixels (Suominen and Tolvanen, 2016) and land-sea adjacency issues (Sterckx et al., 2011). 95 
Given the extensive loss of seagrass in the British Isles in recent years (Jones and Unsworth, 2016), 96 
developing new and scale-appropriate methods for quantifying and monitoring changes in this ecosystem 97 
should improve the way that drivers of change are understood, and allow for improved management. The 98 
work presented herein uses a lightweight drone fitted with consumer grade cameras to capture aerial data of 99 
intertidal seagrass (Zostera noltii) meadows at low tide. We explicitly sought to address the following research 100 
questions:  101 
i) Can a consumer grade camera and lightweight drone be used to collect proximal remote 102 
observations of intertidal seagrass meadows?  103 
ii) How effective are different image classification techniques for mapping the distribution of intertidal 104 
Zostera noltii meadows?  105 
iii) How accurate are Zostera noltii coverage estimates derived from drone-based photographic data? 106 
iv) Are other biotic features (e.g. gastropod shells and lugworm mounds) detectable in the image 107 
data?  108 
The study utilised two intertidal seagrass meadow sites with differing plant density to test a further 109 
question: 110 
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v) To what extent can the drone-based methodology capture differences in plant density using a 111 
standardised survey protocol? 112 
In this manuscript, we demonstrate a full workflow including data capture, processing and some example 113 
classification schemes, and combine this information to obtain meadow coverage estimates at two 114 
intertidal seagrass meadow sites in Wales, UK. 115 
 116 
2. Methods 117 
2.1. Study Species: Zostera noltii 118 
Zostera noltii (commonly known as dwarf eelgrass) has an extensive distribution, and it is found throughout 119 
the British Isles, parts of Scandinavia, the western Mediterranean, parts of west and north Africa and in the 120 
Black Sea (Pergent-Martini et al., 2015). Although assigned a status of ‘Least Concern’ on the IUCN red list, 121 
the overall population status is assumed to be declining (Short et al., 2010). Furthermore, apart from reports 122 
of meadow expansion in Wales (Bertelli et al., 2017), local declines in Europe have been observed in recent 123 
decades, e.g. in France (Bernard et al., 2007), the Wadden Sea (Philippart and Dijkema, 1995), Spain 124 
(Hernandez et al., 1997) and Portugal (Martins et al., 2005). 125 
Like many seagrass species, Z. noltii grows in an ecological niche, requiring specific environmental conditions 126 
(e.g. substrate slope and grain size Valle et al., 2011) to successfully grow and survive. It is easily disrupted 127 
by changes in water quality and light attenuation in the water column. Multiple studies have found that 128 
sediment input into Zostera noltii habitat has detrimental effects on shoot density and ultimately survival, both 129 
in-situ (Han et al., 2012) and in a laboratory setting (Cabaço et al., 2007).  130 
2.2. Study sites 131 
The research was focused on two sites in Pembrokeshire in Wales, the United Kingdom (Fig. 1) both of which 132 
have Zostera noltii meadows. One of the meadows is located in Angle Bay (51°40’50.42”N; 5°02’35.10”W) 133 
and the other at Garron Pill (51°44’05.80”N; 4°52’55.39”W). Angle Bay is an extensive intertidal habitat 134 
covering approximately 2 km2 at low tide. Zostera noltii grows in the majority of this area and was particularly 135 
dense at the time of data collection (mean percentage cover of quadrats was 54% in July 2016). The sediment 136 
at the site is relatively firm and therefore accessible (although not easily so) on foot at low tide. Garron Pill is 137 
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a more sheltered site located further upstream along the Pembroke River. It is one of several tidal inlets in 138 
the area, and when drained at low tide reveals an intertidal habitat of approximately 0.5 km2. Seagrass was 139 
less dense at this site (mean percentage cover of quadrats was 17.6%) There is also a mixture of macroalgae-140 
dominated, and salt marsh habitats at this site. The sediment is much less stable than at Angle Bay, and 141 
therefore only small sections of the site were accessible on foot. One plot (of approximately 50 m2 in size) 142 
was surveyed at each site (Angle Bay and Garron Pill).  143 
 144 
Figure 1: The location of the study sites within the context of the west Wales, UK A) and Pembrokeshire B). Flight paths are 145 
shown with dashed lines for Angle Bay C) and Garron Pill D). 146 
2.3. Drone & Sensor Equipment 147 
A 3D Robotics Solo (https://3dr.com/) multi-rotor drone was used with a custom designed vibration-dampened 148 
3D-printed sensor mount (by the author JPD) (http://www.thingiverse.com/thing:1964056). The mount 149 
allowed for the attachment of a nadir-viewing Ricoh GR II compact digital camera that captures images with 150 
16.2 effective megapixels and encompasses a complementary metal-oxide semiconductor (CMOS) sensor 151 
and prime lens with a fixed focal length of 28 mm. It can capture images in both uncompressed (RAW) and 152 
lossy (JPEG) formats, and also includes a built-in intervalometer. This allows the shutter to capture images 153 
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at given time intervals, which is useful for data capture from autonomous vehicles such as lightweight drones. 154 
Camera specifications can be found in table S1. In combination with flight planning software, ideal intervals 155 
can be calculated based on the sensors field of view, altitude and flight speed, allowing optimal image overlap 156 
to be determined, thus permitting production of good quality orthomosaics and digital terrain models (Dandois 157 
et al., 2015).  158 
Arducopter firmware (APM:Copter solo-2.0.20) running on the Pixhawk 2 autopilot system located inside the 159 
drone allows for waypoint-guided flights. Control over position (in all three dimensions) and speed of the 160 
vehicle allow for structured surveying with user-dictated overlaps in the image data given the altitude of the 161 
drone and the field of view of the sensor. Flight missions (i.e. way point guided flight paths) were designed in 162 
Mission Planner (Oborne, 2016) and in the field, flights were conducted using the Android application Tower 163 
(Huya-Kouadio, 2016). 164 
At both sites, two flights were conducted at 15 m altitude and a speed of 2 ms-1 (Fig. 1C & 1D). This altitude 165 
gave a ground sampling distance of ~4 mm when using the Ricoh GR II sensor (see Table S1). The speed 166 
and altitude combinations provided sufficient overlap (~70% frontlap and ~70% sidelap) between each image 167 
so that image matching and mosaicking was optimised. Further details of the mosaicking process can be 168 
found in section 2.5: Processing and Analysis. At Angle Bay, the data collection flight was undertaken at 169 
16:30 GMT on 21/07/2016. Weather conditions were dry, with windspeeds averaging 4.5 ms-1 , light cloud 170 
cover and intermittent sunshine. At Garron Pill, the flight was conducted at 14:00 GMT on 23/07/2016. 171 
Weather conditions were dry with windspeeds averaging 7.5 ms-1, and it was generally overcast. An additional 172 
two flights at 50 m altitude were undertaken at Garron Pill with an AgroCam RGB sensor (ground sampling 173 
distance of ~14 mm; Table S1), with the aim of capturing data to identify meadow boundaries. More details 174 
about these flights can be found in the supplementary information (section 1.1).            175 
2.4. Ground Based Surveys  176 
Quadrat sampling was used to collect in situ information about the seagrass meadows so that drone-based 177 
observations could be validated (Fig. 2). Twenty-seven 500 mm x 500 mm quadrats were randomly placed 178 
in each of the two ~50 m2 plots. The following observations were recorded for each quadrat by the author 179 
(LP) trained in conducting the standard Seagrass-Watch protocols (Mckenzie et al., 2003): estimated 180 
percentage cover, shoot lengths and densities, estimated number of gastropods and algal/epiphytic cover. 181 
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We acknowledge that these estimations have their own inherent uncertainties, but for the purpose of this 182 
study assume they are truth in order to evaluate the image classification procedures presented.  183 
Given the very high spatial resolution data capture capabilities of the camera payload on board the drone, 184 
high precision ground-truth data were required so as to georectify resulting orthomosaics and accurately 185 
locate quadrat sampling areas and features of interest within the study sites (Cunliffe et al., 2016). The 186 
position of all four quadrat corners were recorded with approximately 10 mm accuracy in x,y,z dimensions 187 
using a differential Global Navigation Satellite System (D-GNSS) Leica GS-08 plus survey system 188 
(comprising a base and rover). To assist with the mosaicking process, chequered targets (300 × 300 mm in 189 
size) were used as ground control points, placed at ~25 m intervals around the perimeter of the ~50 m2 study 190 
areas (Fig 3C). To secure them in the soft substrate, two metal pegs were used on opposite corners. A 191 
laminated A4 sheet with a unique letter of the alphabet was pegged next to each target to assist in 192 
identification within the aerial photographs. Due to the shape of the plots at each site, 8 ground control points 193 
were used at Angle Bay, and 10 at Garron Pill. The central points of these black and white targets were 194 
recorded as the exact ground control points using the Leica GS-08 plus survey system.   195 
2.5. Processing & Analysis 196 
Photogrammetric workflows have emerged as the most popular way to collate and stitch aerial photographic 197 
image data into georectified orthomosaics (Gross and Heumann, 2016; Smith et al., 2015). For this study, 198 
Agisoft Photoscan (v 1.2.5) (Agisoft LLC, 2016) was used to generate orthomosaic models from the aerial 199 
data collected, using the positions of the ground control markers to optimize camera positions during the 200 
point cloud formation stage. They were also used to orientate and georeference the data.  201 
The very high spatial resolution and spectral complexity of the data makes classification challenging, because 202 
of the “H resolution” problem as defined by Strahler et al. (1986). Coupled with the multitude of techniques 203 
developed for analysing and classifying cover types using optical remote sensing data, an aim of this paper 204 
was to explore three methods with differing complexity for image-based classification. In turn, we demonstrate 205 
the potential use and application of these drone-based optical imaging data for seagrass meadow 206 
assessment. 207 
The varying complexities in the three techniques used in this study give an overview of approaches commonly 208 
used in remote sensing analyses. First, we explored the use of a basic unsupervised optical classification, 209 
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which is the simplest of approaches. Using only the red, green and blue spectral bands from the camera, we 210 
show what can be achieved with minimal processing of the data once it has been stitched via photogrammetry 211 
workflow. Building on this, we explored the effect of adding optical texture layers to the unsupervised 212 
classification workflow. This process shows that more information can be derived (than just the red, green 213 
and blue bands) from data captured with consumer grade cameras, that can in turn potentially help 214 
discriminate seagrass from its surrounding environment. Third, object-based techniques are increasingly 215 
applied to segment and classify very fine spatial resolution data. This is because objects of interest are 216 
constructed of multiple pixels as opposed to the representation of multiple objects within a single pixel (Myint 217 
et al., 2011), as is the case with coarser spatial resolution data. Given the fine spatial resolution of our data, 218 
we applied object based image analysis (OBIA) as a third classification approach (containing a ‘supervised’ 219 
stage) to determine whether this could be used to meaningfully improve the quality of the seagrass mapping 220 
products. We purposefully did not try to use a pixel-based supervised classifier to produce the mapping 221 
products because this would rely on the identification of individual ‘pure’ pixels containing either seagrass or 222 
bare substrate. Due to the data having a spatial resolution of less than 1 cm per pixel, we considered it a 223 
more robust approach to test a supervised classification that first used a segmentation algorithm to automate 224 
the identification of clusters of pixels that had similar spectral properties. A schematic describing data 225 
collection, processing and analysis is shown in Fig. 2. The classifications used are described in the following 226 
sections.  227 
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 228 
Figure 2: Data collection, processing and analysis workflow. 229 
2.5.1. Unsupervised Classification with Optical Bands 230 
The first type of classification performed incorporated the red, green and blue (RGB) spectral bands. An 231 
unsupervised approach using K-means (Hartigan-Wong algorithm; Hartigan and Wong, 1979) clustering was 232 
performed using the `unsuperClass` function in the `RStoolbox` (Leutner and Horning, 2016) package in R 233 
(R Core Team, 2016). Maps with two, three, four and five discreet classes were produced for each site. These 234 
classes represented seagrass and non-seagrass cover types (e.g. substrate and macroalgae). Where more 235 
than two classes were used, they were combined to create a binary result. Next, the areas coinciding with 236 
quadrat placement were extracted, and pixel counts recorded. Every possible combination of the discreet 237 
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classes was tested, and that with the lowest RMSD score when comparing classified and observed seagrass 238 
coverage was then chosen as the best candidate classifier for each site.  239 
2.5.2. Unsupervised Classification with Optical Bands and Texture 240 
Further to the spectral data alone, textural bands were also added to the classification process. Image texture 241 
can be used to describe patterns in images that are naturally identified and interpreted by humans but more 242 
difficult for computers to understand. Given that the dominant colour of seagrass is green, texture layers were 243 
calculated for this band only. Textural layers were calculated using moving windows on spectral data 244 
(Haralick et al., 1973). Grey level co-occurrence matrices were calculated for each orthomosaic using the 245 
`glcm` (Zvoleff, 2016) package in R (R Core Team, 2016) with a window size of 3 × 3 pixels. From these 246 
matrices, eight different measures were calculated (mean, variance, homogeneity, contrast, dissimilarity, 247 
entropy, second moment and correlation). Next, every possible combination of these layers were combined 248 
with the RGB layers, and two, three, four and five class unsupervised classifications (as described in section 249 
2.5.1) were performed. The same selection procedure to find the combination with the lowest RMSD was 250 
followed as was performed with optical bands. 251 
2.5.3. Segmentation & Support Vector Machine Classification 252 
The third classification approach used the method of OBIA. This technique has seen increasing usage in the 253 
analysis of remote sensing data (Blaschke, 2010). A typical OBIA workflow involves firstly image 254 
segmentation and secondly classification of the segmented data (Myint et al., 2011). In order to keep the 255 
analysis of these data as open-source and replicable as possible, the `i.segment.uspo`, `i.segment` and 256 
`i.segment.stats` and ‘v.class.mlR’ functions were used in the Geographic Resources Analysis Support 257 
System (GRASS) 7.0 (GRASS Development Team, 2015) software package. Both the optical and optimum 258 
texture layers were used in these classifications. Each orthomosaic was segmented and classified with 259 
supervised training data (subset from the segmented data). Given the knowledge obtained from visual 260 
inspection of the mosaics, a two-class classification (seagrass and substrate) was applied to data from Angle 261 
Bay and five-class (seagrass, substrate, macroalgae species 1, macroalgae species 2, rock) classification 262 
for Garron Pill.  263 
More detailed information on the OBIA procedures used can be found in the supplementary information 264 
(section 1.2).  265 
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2.5.4. Analysis of Classified Maps 266 
All analysis of classified maps and graphing of data took place in the statistical package R 3.3.1 (R Core 267 
Team, 2016). Data manipulation and analysis were conducted using the dplyr (Wickham and Francois, 2016), 268 
raster (Hijmans, 2015) and tidyr (Wickham, 2017) packages. Graphs were created using ggplot2 (Wickham, 269 
2009) and gridExtra (Auguie, 2016).  270 
Coverage within each quadrat was estimated by cropping the mosaic to the area defined by the D-GNSS 271 
system for each quadrat. The pixels in the cropped image were then counted and a coverage estimate derived 272 
by dividing the number of pixels classed as seagrass by the total number of pixels. This was repeated for 273 
each quadrat.   274 
Bootstrapping was used to explore the variation between estimated and observed coverage within quadrats 275 
at both sites. This enabled the investigation of classification performance by describing over- or under- 276 
estimation of seagrass coverage. Firstly, the difference between estimated and observed percent coverage 277 
was calculated for each of the 27 quadrats. Then, a random selection (n=27) of these differences was 278 
selected (with replacement enabled, meaning quadrats could be chosen more than once in each iteration) 279 
and the mean and standard deviation calculated from the selection. These statistics were stored and the 280 
process was then repeated for 1000 iterations, resulting in a selection of 1000 sets of mean, standard 281 
deviation and iteration standard error (equal to standard deviation divided by √27) per site. From these, three 282 
overall statistics were calculated: the mean and standard deviation of the 27 measured differences, and the 283 
overall standard error as the standard deviation of iteration means. The combined uncertainty was then 284 
calculated both for each iteration and in total with the following equation: 285 
𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 = √𝑚2 + σ2 + 𝑠𝑒2 286 
where m is the mean, σ is the standard deviation and se is the standard error.  287 
2.6. Feature Detection 288 
To test the effect of the spatial resolution of the data on the ability to resolve biotic features other than 289 
seagrass in intertidal meadows, samples from the mosaics were rescaled to difference spatial resolutions. 290 
This was performed using the gdalUtils package (Greenberg and Mattiuzzi, 2015) in R (R Core Team, 2016). 291 
The ‘gdalwarp’ function was used to output at resolutions 2,4,6,8 and 10 times coarser than the native 292 
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resolution of 4.36 mm pixel-1. The output pixel values were calculated as the mean of the corresponding input 293 
pixels. 294 
2.7. Quadrat Sampling Bias 295 
A further analysis exploring the potential biases in quadrat sampling using photos taken at the time of data 296 
collection was also conducted. The methods and results of this procedure are presented in the supplementary 297 
information (sections 1.3 & 2.1).  298 
3. Results 299 
Data collection at Angle Bay yielded 220 useable images during a flight that lasted 10’57’’. At Garron Pill, 300 
191 useable images were collected during a flight 08’43’’ in length. Upon visual inspection that stitching had 301 
worked, the mosaics were then cropped so that ground control targets and associated tape measures were 302 
not included in the imagery, reducing complications during the classification phase (Figs. 3 & 4). Mosaics for 303 
both sites had a ground resolution of 4.31 mm pixel-1 with a re-projection error (calculated by the software) 304 
of 0.32 pixels at both sites. Please see the supplementary information for full processing reports produced 305 
by Agisoft Photoscan.  306 
For the RGB classifications optimum classifications were as follows: Angle Bay optical – four classes, two of 307 
which were combined for the seagrass class, Garron Pill optical – five classes, one assigned as seagrass. 308 
Contrast, dissimilarity and variance were combined with optical data for Angle Bay, and classified with five 309 
discreet classes. Three of these were labelled as seagrass. For Garron Pill, contrast, homogeneity and 310 
second moment were the optimum texture layers along with the RGB data. Two of the five classes in the 311 
optimum classification were combined to make a seagrass class. For the OBIA analysis the combined RGB 312 
and texture layers described here were used. Thematic maps showing these classifications can be found in 313 
the supplementary information (section 2.2).   314 
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 315 
Figure 3: Mosaicked RGB imagery of Zostera noltii habitat in Angle Bay. The 50x50 m plot is show in A), with two finer 316 
spatial scale examples shown in B) and C). [COLOUR] 317 
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 318 
Figure 4: Mosaicked RGB imagery of Zostera noltii habitat at Garron Pill. The ~25x100m plot is shown in A), with three 319 
finer spatial scale examples shown in B), C) and D). [COLOUR] 320 
 321 
The RMSD values calculated from classifications on the data from Garron Pill were all lower than their 322 
corresponding results for Angle Bay (Table 1). For Angle Bay, the addition of texture layers increased the 323 
RMSD by 5.7 with units of % coverage and SD by 4.3% (i.e. the fit was poorer), whereas for Garron Pill, 324 
RMSD was reduced by 0.2% and SD by 0.5%. Object based image analysis did not improve on either of the 325 
RGB or RGB & Texture classifications at either site with RMSD and SD values generally much higher. For 326 
both of the unsupervised classifications, both under- and overestimations were seen across the 27 quadrats 327 
(Fig.5A and 5B), whereas for OBIA, it appears the majority of quadrats were overestimated by the classifier 328 
(Fig. 5C). Additionally, quadrat sampling bias was explored, and a mean difference of 15% between observed 329 
and classified ground-based photos was found (Figure S1).   330 
The bootstrapped overall uncertainty values show relatively little variation in the unsupervised classifications 331 
with and without texture for Garron Pill (Fig. 6). Angle Bay, the more densely vegetated of the two meadows 332 
had over double the mean overall uncertainty when compared to Garron Pill for the RGB & texture 333 
classification (Table 1). Along with the high RMSD and SD values, the OBIA classifications also showed both 334 
high mean overall uncertainty, (the highest being 33% for Angle Bay).  335 
16 
 
 336 
 337 
Figure 5: The relationship between observed and classified seagrass coverage observed within quadrats. Unsupervised 338 
classifications with red, green and blue bands shown in A), with added texture layers in B) and supervised object-based 339 
image analysis results are shown in C).  340 
 341 
 342 
Figure 6: Box and whisker plots showing the distribution of bootstrapped overall uncertainty calculations (n=1000), 343 
calculated from the differences between observed and classified seagrass cover in quadrats. Lower and upper hinges refer 344 
to 25% and 75% percentiles respectively. Central lines represent the median, whiskers represent 5% and 95% quantiles and 345 
points represent outliers.   346 
3.1. Areal Coverage and Perimeter Estimates 347 
Combining the known ground sampling distances (4.36mm) in the orthomosaics with counts of pixels in each 348 
classified raster allowed for seagrass areal coverage estimates to be made. For Angle Bay, estimates ranged 349 
from 1110 m2 (47 % of the surveyed areas) produced by the RGB & texture classification to 1967 m2 (83%) 350 
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calculated from the OBIA classification (Table 1). Overall, Garron Pill had smaller estimations with the lowest 351 
at 555 m2 (22%) and highest at 904 m2 (36%) produced with data from the OBIA classifier. OBIA 352 
classifications at both sites resulted in greater numbers of pixels being labelled as seagrass, which in turn 353 
has driven the higher areal coverage estimates. The two flights at 50m altitude used to collect data from the 354 
river channel area yielded total of 258 useable images. These flights were 11’ 45’’ and 12’ 01’’ in duration. 355 
No ground control points were deployed or used here due to the inaccessibility of the river channel by foot. 356 
The images collected were then stitched with the same procedure mentioned earlier in this manuscript, but 357 
without the inclusion of GCPs, so therefore relying on GNSS information from the flight log (tagged to images) 358 
to produce a georeferenced orthomosaic (Fig. 7). The resulting image demonstrates the capability of this 359 
form of data collection to visualise the boundaries of seagrass meadows in terrain that is not accessible by 360 
foot (e.g. soft muddy intertidal river beds). Other broad -category vegetation features such as macroalgae 361 
are also detectable in these data (Fig. 7C).    362 
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 363 
Figure 7: Orthomosaic of Zostera noltii meadow boundary at Garron Pill. Images captured at 50m altitude. No ground control 364 
targets were deployed at this site due to the inaccessible nature of the river channel.  [COLOUR] 365 
 366 
3.3. Feature Detection 367 
Within intertidal seagrass meadows, some features can be detected with optical remote sensing data 368 
indicating the presence of biotic features other than seagrass that co-habit these environments. At both sites 369 
cockles (Cerastoderma edule) and Lugworm (Arenicola sp.) mounds were found on the sediment surface in 370 
high abundance. Fig. 8 displays three example features both at native and multiple resampled resolutions. 371 
Lugworm mounds are generally round features approximately 50 – 100 mm in diameter. They were clearly 372 
visible at the native resolution in the data and remained detectable even at 43mm pixel-1 (× 10) spatial 373 
resolution. Cockles on sediment appeared more detectable than those within seagrass (Fig. 8). The shells 374 
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remained detectable in the absence of seagrass when viewed at 43 mm pixel-1 spatial resolution, but when 375 
found within Zostera noltii shoots they become undetectable at 17.2 mm pixel-1 (× 4) spatial resolution (Fig. 376 
8). 377 
 378 
Figure 8: Figure 8: Three examples of ecological features found in Zostera noltii meadows. A) Shows two Lugworm 379 
(Arenicola sp.) mounds, B) Cockle (Cerastoderma edule) shells surrounded by seagrass shoots and C) on non-vegetated 380 
substrate. [COLOUR] 381 
 382 
4. Discussion 383 
This study describes for the first time an approach to intertidal seagrass mapping using a lightweight drone 384 
to obtain very fine grained, high spatial resolution data. We found wide variation between classifications when 385 
measuring the differences between classified and observed cover within the quadrat samples collected 386 
(Table 1). Given that the addition of texture layers has improved classification accuracy in the past in similar 387 
habitats such as salt marsh (Kim et al., 2011), we expected to see reduced RMSD scores in this study. It 388 
may be that the classification of the very fine spatial resolution data shown in this study can only be improved 389 
by the addition of more spectral (e.g. near infra-red) rather than textural layers. The spectral complexity found 390 
in hyperspectral optical remote sensing studies on Zostera noltii leaves (Bargain et al., 2013) suggests that 391 
the addition of further spectral bands may produce a better discrimination between seagrass shoots and 392 
background sediment. Different texture measures were selected during the layer selection phase for each 393 
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site. This highlights the importance of treating each mosaic individually when selecting layers to input to a 394 
classification scheme. Variables such as the spatial resolution of the images, and the meteorological 395 
conditions (e.g. cloud cover) during data collection can strongly influence the type of data collected, and in 396 
turn which texture measures may highlight differences between seagrass and non-seagrass features.           397 
OBIA has been increasingly employed to analyse fine grained data such as that collected from sensors on 398 
board drones (e.g. Husson et al., 2016 and Ventura et al., 2016). In this case, the unsupervised classifications 399 
performed better than the support vector machine algorithms used on the segmented data. Despite the very 400 
high spatial resolution of the data, Zostera noltii shoots still appear as very fine and complex features within 401 
the input bands. The segmentation process applied struggled to properly define the edges between seagrass 402 
and non-seagrass features, and therefore non-vegetated areas were also captured within the objects labelled 403 
as seagrass. This over-estimation is reflected in the comparisons with quadrat data at both sites (Fig. 5). 404 
Furthermore, OBIA is notoriously subjective and its poor performance in this scenario may have been caused 405 
by the choice of ‘training’ segments during pre-classification. New segmentation algorithms (e.g. SLIC super 406 
pixels; Csillik, 2017), are emerging and in future as these mature, there may be promise to further test these 407 
on fine spatial resolution intertidal orthomosaics.      408 
4.1. Coverage Estimates & Assessment of Quadrat Sampling 409 
The variation in coverage estimates produced from the classified data in this study is caused by uncertainty 410 
in the classifications themselves. Working at such fine spatial scales allows for the consideration of within-411 
meadow variation and in turn more representative predictions of overall coverage. However, working at such 412 
fine spatial scales brings new challenges for data interpretation. Underestimation, seen more commonly for 413 
quadrats at Angle Bay (Fig. 5) could be due to the high density of seagrass in parts of this site and the 414 
differences between what a sensor captures and what a human observer interprets. This could be caused by 415 
a saturation effect also seen in optical remote sensing studies of other vegetated ecosystems (Mutanga et 416 
al., 2012). Positive bias, seen in some quadrats at both sites, could potentially be explained by an observer 417 
effect. Estimations of coverage by a human observer could take into consideration the fact that seagrasses 418 
stand vertically when suspended in water, whereas a sensor, in this case on board a lightweight drone, simply 419 
counts the proportion of pixels covered by seagrass. The hypothesis that observer bias was present during 420 
ground-based sampling was investigated by examining photographs of the quadrats (see supplementary 421 
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information; Fig. S1). Observer bias and variability of cover estimations, regardless of experience, has been 422 
raised as an issue with quadrat sampling in terrestrial systems (Sykes et al., 1983). It may be the case that 423 
in this study similar issues were causing underestimation, combined with the knowledge that a given number 424 
of seagrass shoots change their coverage of a quadrat when suspended in water compared to laid flat at low 425 
tide. Although ground based photographs were taken in this study, their quality was variable, and therefore 426 
we recommend a standardised approach (i.e. using a fixed height (Luscier et al., 2006) in future 427 
investigations.   428 
4.2. Meadow Boundary Detection 429 
Meadow boundaries were clearly visible in the mosaic created with images captured at 50 m altitude. 430 
Information of this type provides a cost-effective approach to Zostera noltii meadow mapping, especially in 431 
tidal channels were the logistics of boat or hovercraft surveying are non-trivial. The distinction between 432 
seagrass and macroalgae was clearly visible in the resulting orthomosaic (Fig. 7C), which from a 433 
management point of view provides a useful tool to quantify the invasion of other species such as macroalgae 434 
in seagrass-dominated habitats (Thomsen et al., 2012). 435 
4.3. Feature Detection 436 
The very fine spatial resolution data produced in this study (4.36 mm pixel-1) allowed for the identification of 437 
meadow features such as lugworm (Arenicola sp.) mounds and cockle shells (Cerastoderma edule). The 438 
ability to capture this information within images containing seagrass shoots could allow questions regarding 439 
lugworm presence/density effects on Zostera noltii density to be revisited (Philippart and Dijkema, 1995). The 440 
presence of bivalve shells is also a crude but useful indicator of the health and diversity of the below-surface 441 
intertidal environment (Lohrer et al., 2016). With regards to the spatial resolution of the data captured in this 442 
study, these features were all identifiable at coarser resolutions than the native data. This indicates that a 443 
higher- altitude flight could be conducted resulting in a coarser ground sampling distance, therefore allowing 444 
for data collection from a larger area without compromising the ability to capture fine scale biotic features.   445 
In future work, other users should consider monitoring conditions. In this study, conditions were generally 446 
overcast and therefore favourable when collecting imagery at Garron Pill, but for Angle Bay, the 447 
meteorological conditions were mixed with intermittent sunshine amongst the cloud. As the drone flew with a 448 
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variable heading, the sensors viewing angle changed in relation to the sun’s position on alternate legs of the 449 
drone’s way-pointed path (Fig. 1C&D). As a result, the attitude of the drone and therefore the attached sensor, 450 
manipulated the presence of glint and shadow in the imagery. Due to the gridded pattern of flight, artefacts 451 
have developed at overlapping areas between images during the image stitching process. We recommend 452 
in future, to conduct flights with a constant heading, to ensure the sensors view angle remains fixed in relation 453 
to sun angle. We would also encourage other users to consider image calibration if time-series monitoring is 454 
being undertaken. 455 
4.5. Ecosystem Dynamics and Blue Carbon 456 
The potential of coastal ecosystems and more specifically the plants that live within them to capture and 457 
sequester carbon (known as blue carbon) has been a growing field of scientific research (Fourqurean et al., 458 
2012; Macreadie et al., 2014). The coverage estimates that we present here can be complementary to 459 
allometric data such as above- and below-ground biomass calculations to ultimately produce more accurate 460 
estimations. This has been demonstrated in terrestrial systems with drone-based data (Cunliffe et al., 2016). 461 
This can then be combined with information about carbon capture in a particular species such as Zostera 462 
noltii, quantifying the amount of carbon stored in a given meadow and allowing its monetary value to be 463 
estimated. Monetary valuation such as this is likely to give great value to policy decision making (Turner et 464 
al., 2003). Aside from monetary valuation, fine-scale data such as these can potentially improve the 465 
performance of predictive habitat modelling approaches which have been applied to understand seagrass 466 
distribution (Grech and Coles, 2010). 467 
For another species of seagrass, seasonality has been shown to create changes of up to 35% in coverage 468 
estimates of seagrass meadows on the coast of Reunion Island (Cuvillier et al., 2016). Zostera noltii is a 469 
perennial species that grows in spring and summer, flowers, and then dies back to about half its peak density 470 
in autumn and winter (Auby and Labourg, 1996). While this variation in above ground biomass is an issue 471 
with ground based surveying (Mckenzie et al., 2003), using drones with user-dictated data collection, allows 472 
for repeatable data collection at the same stage of the annual phenological cycle of a seagrass species such 473 
as this. The case for repeat studies at the same time of year is also strengthened by the discovery of a 474 
seasonal variation in pigment concentration in Zostera noltii leaves, which in turn can influence 475 
measurements derived from remote sensing products (Bargain et al., 2013).        476 
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5. Conclusions 477 
In this study we have demonstrated the potential of low-cost, flexible, drone-based data collection techniques 478 
for monitoring intertidal seagrass meadows. Working on foot in an intertidal environment can be challenging 479 
and one clear advantage of drone technology is the flexibility in deployment and the utility of data, as we 480 
have demonstrated here. Time-series monitoring is critical to understand the dynamics of seagrass 481 
meadows, especially when it comes to disentangling the natural variation from changes that are human-482 
induced (Cunha et al., 2005).  483 
The understanding of within-meadow seagrass heterogeneity is a complementary approach to more 484 
traditional boundary mapping which has often been conducted using satellite and airborne imagery (e.g. 485 
Phinn et al., 2008). Drones bring the ability to capture data useful for within environment variation analysis, 486 
which has also been demonstrated in wetlands (Zweig et al., 2015). With threats such as reduced water 487 
quality and wasting disease, the decline in meadow quality may be more nuanced than a simple shrinking in 488 
overall extent, highlighting the need to understand the more complex matrix of plants and sediment in the 489 
intertidal environment. It is therefore crucial to investigate the fragmentation within meadows, which can 490 
inform researchers and managers whether a meadow is potentially degrading or recovering. The combination 491 
of this previously unobtainable data and the cost-effective, self-service nature of drone based remote sensing 492 
gives great promise to the application of drones for seagrass conservation efforts.  493 
Moving forward, we feel that the rapidly developing field of lightweight drones and miniaturisation of sensors 494 
for optical remote sensing will soon allow for more detailed measurements of meadow quality such as plant 495 
health and presence of wasting disease based on the spectral signatures obtained from seagrass shoots.     496 
6. Tables 497 
Table 1: Accuracy assessment of unsupervised classifications including both RGB and RGB and Texture, 498 
and OBIA classifications. Root mean squared deviation (RMSD) and standard deviation (SD) and bias 499 
calculated on the percentage difference between observed and classified seagrass cover in quadrats. 500 
Bootstrapped SE was calculated in the bootstrapping process. Overall uncertainty calculated from bias, SD 501 
and bootstrapped SE using the equation described in section 2.5.4. Coverage estimates calculated by 502 
totalling the number of pixels classed as seagrass at each site. 503 
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Site Layers 
No. 
Classes 
RMSD 
(%) 
SD 
Bias 
(%) 
 
Bootstrapp
ed SE 
Overall 
Uncertai
nty 
Estimated 
Coverage 
(m2) 
Estimate
d 
Coverag
e (%) 
Angle 
Bay 
RGB 4 16.12 16.33 -1.78 0.5 16.71 1224.07 51.93 
RGB & 
Texture 
5 21.85 20.65 -8.19 0.63 22.54 1110.33 47.10 
RGB & 
Texture 
(OBIA) 
2 32.74 20.53 25.81 0.63 33.2 1967.14 83.45 
 
Garron 
Pill 
 
RGB 5 9.45 9.62 -0.4 0.29 9.8 554.92 21.86 
RGB & 
Texture 
5 9.22 9.06 2.44 0.28 9.54 661.77 26.07 
RGB & 
Texture 
(OBIA) 
5 26.42 20.95 16.59 0.65 27.01 904.35 35.62 
 504 
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